**Article impact statement**: Microtargeting boosts conservation impact by finding willing partners and individualizing behavior‐change interventions.

Introduction {#cobi13315-sec-0030}
============

Conservation opportunities are distributed unevenly across landscapes, and spatial prioritization can help maximize returns on investment, especially when they account for social and ecological variability. Yields will be largest in places of high ecological value where people are likely to take conservation action (Fig. [1](#cobi13315-fig-0001){ref-type="fig"}). Existing efforts to identify areas of high conservation value have relied primarily on biophysical variables (Fig. [1](#cobi13315-fig-0001){ref-type="fig"}), an important first step for guiding investments (Naidoo et al. [2008](#cobi13315-bib-0027){ref-type="ref"}; Belote et al. [2017](#cobi13315-bib-0003){ref-type="ref"}). Conservation, however, is a social endeavor dependent on human decision making and behavior (Mascia et al. [2003](#cobi13315-bib-0021){ref-type="ref"}; Schultz [2011](#cobi13315-bib-0033){ref-type="ref"}). Efforts to enhance conservation prioritizations through rigorous integration of social and ecological data have been frustrated by data availability and incompatible resolutions. Biophysical prioritizations are proliferating due to a revolution in remotely sensed data and analysis techniques, and although they are generally limited to coarse spatial scales (e.g., 30 m^2^) by cost or technology (Kwok [2018](#cobi13315-bib-0018){ref-type="ref"}), this is changing rapidly as technology advances (e.g., the land‐cover data used in the current study are at 1 m^2^ resolution). In contrast, estimates of social propensity for conservation behavior (Fig. [1](#cobi13315-fig-0001){ref-type="fig"}), if considered at all, are generally made for entire populations, doing little to predict conservation action of individuals living in or owning important places. These social data and analysis limitations are especially challenging when prioritizing landscapes with substantial private land ownership where conservation is a collective product of many landowners' individual management actions.

![Conceptual conservation‐priority space defined by conservation value and social propensity for conservation action (prime prospects, areas where conservation value and social propensity are both high; premium, areas of high value where social propensity is low; trivial, areas with lower conservation value despite likely conservation action; sinks, areas where conservation value and social propensity for action are both low).](COBI-33-1141-g001){#cobi13315-fig-0001}

Recent advances in consumer data availability and analysis techniques may provide opportunities to predict individuals' propensities toward conservation behaviors, helping to overcome these challenges and improve the efficiency and efficacy of conservation programs. For example, land trusts could identify landowners more willing to sell or donate conservation easements, reducing recruitment and development costs, or groups promoting proconservation behavior could identify people for whom particular intervention strategies are most likely to succeed, increasing program effectiveness. However, most human dimensions data (e.g., qualitative interviews and quantitative surveys) and analyses, where they exist at all, do not allow characterization of individuals in a population, affording instead only estimates of population‐level trends or parameters. If data were available for every individual in a population, conservationists could deliver individualized content, incentives, or programming and likely increase return on conservation investments (i.e., outcomes per unit invested).

Increasingly, data are in fact available for most individuals in society, but they do not fit the mold of traditional conservation behavior models and thus have largely been overlooked by conservationists. Behavioral theories are extremely useful for understanding the why behind proenvironmental behaviors and for designing effective behavior change interventions. For example, social norms can often strongly influence behavior (Schultz et al. [2018](#cobi13315-bib-0034){ref-type="ref"}); Ajzen ([2012](#cobi13315-bib-0001){ref-type="ref"}) reasoned action approach has long shown that behaviors are more likely when attitudes toward a behavior are positive (even more so if the behavior is intended); and recent advancements in behavioral economics suggest choice architecture and other biases strongly determine environmental behavior (Sunstein & Reisch [2014](#cobi13315-bib-0036){ref-type="ref"}). Powerful interventions can be designed using these theories, but despite increasing theoretical sophistication, data are rarely available to identify who within a population is prone to a particular behavior or likely to respond a specific intervention. Consider that even when theory suggests (and survey work or experimentation confirm) landowners with positive attitudes toward wildlife conservation are more likely to donate a conservation easement, there remain no attitudinal data to identify who those individuals are in any given population. In contrast, publicly available consumer data are widely available, and while they rarely include variables relevant to behavioral models, they afford robust pattern‐detection analysis (i.e., analytics) to identify individuals belonging to particular population segments, which can be used to enhance myriad outreach efforts.

Consumer data are widely available and generally include purchasing history and identifying information, although it is often combined with other streams of data such as voting behavior, social media activity, or mobile application use to enable robust pattern detection analyses. Methods for analyzing publicly available consumer data sets have been pioneered in other fields to predict behavioral propensity for each (or most) individuals in many different populations (Berry & Linoff [2004](#cobi13315-bib-0004){ref-type="ref"}). Marketers, charities, and political campaigns have used such data to microtarget individuals (Fig. [2](#cobi13315-fig-0002){ref-type="fig"}) and realized profound efficiencies in their operations. For instance, with a small group of past known participants, consumer data can be mined to identify likely future participants from large and otherwise nebulous populations (\[i\] in Fig. [2](#cobi13315-fig-0002){ref-type="fig"}). Or, if market segments have been identified through prior analysis, consumer data sets can be mined to estimate which segment each population member is likely to belong (\[ii\] in Fig. [2](#cobi13315-fig-0002){ref-type="fig"}). Specific applications of these techniques in other fields include online advertisers who employ "behavioral targeting" to understand users' preferences (Jaworska & Sydow [2008](#cobi13315-bib-0013){ref-type="ref"}), political campaigns that use "microtargeting" to differentiate and motivate voters (Murray & Scime [2010](#cobi13315-bib-0026){ref-type="ref"}), and energy suppliers using "load profiling" to predict household energy demand (Wang et al. [2015](#cobi13315-bib-0045){ref-type="ref"}). Although microtargeting, or big data analytics, is transforming marketing and other fields (Erevelles et al. [2016](#cobi13315-bib-0008){ref-type="ref"}), they have received little attention in the conservation realm, with exceptions focusing on consumers of environmentally related products, such as electric vehicles (Eppstein et al. [2011](#cobi13315-bib-0007){ref-type="ref"}) and green energy (Tabi et al. [2014](#cobi13315-bib-0038){ref-type="ref"}). Some efforts have moved toward this idea, including social marketing to improve efficiencies in conservation‐outreach programing (McKenzie‐Mohr et al. [2012](#cobi13315-bib-0022){ref-type="ref"}) and numerous attempts to build conservation‐related typologies of the public (Maibach et al. [2009](#cobi13315-bib-0019){ref-type="ref"}) or landowners (Metcalf et al. [2016](#cobi13315-bib-0024){ref-type="ref"}). Still, these marketing‐based approaches inform message development for mass broadcast, contributing little to customized appeals at the individual level.

![Examples of microtargeting use of consumer data to (i) identify likely participants in conservation programs from lists of past known participants and (ii) identify likely members of population segments based on known market segments.](COBI-33-1141-g002){#cobi13315-fig-0002}

Microtargeting may prove useful in many conservation contexts, including in private land settings where strategic conservation planning based on spatial analysis of biophysical attributes can be directly coupled to individual landowner decisions and behavior. Private lands are critical to many global conservation efforts (Kamal et al. [2015](#cobi13315-bib-0014){ref-type="ref"}), and propensity models predicting landowner receptivity toward conservation behaviors could help improve return on investments made by outreach agencies and organizations to promote stewardship. Data enabling these analyses are increasingly available, yet often untapped for such purposes. For example, spatial cadastral parcel databases are proliferating in the United States and can be intersected with spatial assessments of conservation value to enumerate owners of priority properties (Ver Planck et al. [2016](#cobi13315-bib-0041){ref-type="ref"}). Some analyses have used cadastral data to begin generating parcel‐ or property‐level predictive models, but rely solely on biophysical variables. More specifically, some have investigated spatial patterns of ownership and resource parcelization (Kilgore et al. [2013](#cobi13315-bib-0016){ref-type="ref"}; Zipp et al. [2017](#cobi13315-bib-0046){ref-type="ref"}), whereas others have ranked priority parcels based on resource location, cost, risk, or other variables (Smith et al. [2016](#cobi13315-bib-0035){ref-type="ref"}), and a few have predicted land use change based on biophysical variables such as parcel size, shape, proximity to landscape features, or resource co‐occurrence (Nelson et al. [2008](#cobi13315-bib-0029){ref-type="ref"}). No studies we are aware of have capitalized on widely available consumer data to inform individual‐level propensity models of private lands conservation behavior. A few studies have coupled social and biophysical variables to prioritize landscapes, either by summarizing social receptivity based on qualitative data (Game et al. [2011](#cobi13315-bib-0010){ref-type="ref"}) or by using coarse‐resolution data over wide extents (Guerrero & Wilson [2017](#cobi13315-bib-0012){ref-type="ref"}; Karimi et al. [2017](#cobi13315-bib-0015){ref-type="ref"}). Some have used agent‐based modeling to represent the complexity of social and ecological interrelationships (Miyasaka et al. [2017](#cobi13315-bib-0025){ref-type="ref"}), and one study by Nielsen et al. ([2017](#cobi13315-bib-0030){ref-type="ref"}) coupled cadastral and forest‐cover data to a national registry of conservation‐program participation, the latter being a data set unique to Denmark and unavailable elsewhere.

Microtargeting techniques adapted for conservation contexts could enable more widespread consideration of variation in social dimensions relevant to conservation objectives and enhance strategic conservation planning as well as implementation. Microtargeting is not a substitute for other human dimensions research, but can instead enhance practical applications of research findings. For example, developing effective behavior change interventions will always require theoretical insight and empirical evaluation, but once effective outreach strategies are identified, microtargeting can help deliver them to the people for whom they are most likely to be effective. Coupling these approaches to spatial prioritizations can help conservation outreach efforts reach the right people in the right places for the least cost.

We explored the potential utility of microtargeting for conservation. The private lands that dominate the Pennsylvania portion of the Chesapeake Bay Watershed (U.S.A.) (see Supporting Information) offered an opportune study area where restoration of riparian areas is needed to achieve water‐quality goals in the Chesapeake Bay (Lowrance et al. [1997](#cobi13315-bib-0020){ref-type="ref"}). More specifically, Pennsylvania (an area nearly double our study area) seeks to revegetate nearly 55,000 ha of riparian areas to achieve a 3,600,000 kg reduction in nitrogen pollution (M. Keefer, personal communication). Based on the mean size of past restoration projects (1.9 ha), this will require participation of nearly 29,000 landowners across the state. We sought to provide an approach that could enhance restoration efforts in the watershed; demonstrate how consumer data‐driven, individual‐level propensity models can be coupled to strategic conservation planning efforts; begin to quantify the value microtargeting adds, if any, to such geospatial prioritizations; and extend discussions of how marketing methods may be more effectively employed to advance conservation objectives.

Methods {#cobi13315-sec-0040}
=======

Overview {#cobi13315-sec-0050}
--------

To understand the value offered by microtargeting above and beyond traditional geospatial prioritizations, we began by developing high‐resolution (1 m^2^) land‐cover and stream‐network data sets. We used these to assess the condition of riparian buffers (i.e., areas within 11 m of streams) (Natural Resources Conservation Service [2010](#cobi13315-bib-0028){ref-type="ref"}). We overlaid this biophysical inventory with spatially explicit cadastral data to enumerate the population of riparian buffer gap owners in our study area (i.e., owners of riparian areas within 11 m of streams with nonforest and nonshrubland land cover). We manually searched and reviewed owner records to remove public ownerships (because attribute data did not consistently identify all public lands), thus completing the biophysical portion of our prioritization. Then, to assess the additional value offered by microtargeting, we used a database of known past buffer‐program participants and nonparticipants to build a model that predicts buffer‐restoration program participation (i.e., participation propensity). We evaluated model performance with a similar data set reserved for validation. Finally, we generated a coupled ranking score for 203,645 properties within the study area based on biophysical (i.e., size of buffer gap) and social (i.e., landowner propensity score) variables. Field validation of model performance is underway, including a social marketing campaign (Metcalf et al. [2019](#cobi13315-bib-0023){ref-type="ref"}) and on‐the‐ground recruitment of landowners into buffer restoration programs. Both are being implemented under experimental designs where response rates and buffer installations will be measured as functions of model propensity scores.

High‐Resolution Land‐Cover Data {#cobi13315-sec-0060}
-------------------------------

Guided by the Chesapeake Bay Program partnership, the Chesapeake Conservancy led the creation of our land‐cover data set. The University of Vermont Spatial Analysis Laboratory (UVM) performed the supervised classification known as object‐based image analysis based on National Agricultural Imagery Program quarter‐quad images from 2013, PA orthophotos from 2003 to 2006, and light detection and ranging (LiDAR) data from 2006 to 2008. Analysts created image stacks where these data sets overlapped geographically and then divided them into homogenous regions based on similarities between neighboring pixels (Blaschke [2010](#cobi13315-bib-0005){ref-type="ref"}). Using these image objects, analysts identified distinguishing characteristics of regions in a series of if--then rules. For example, water features typically returned low values of near‐infrared radiation, so a rule assigned all image objects with low near‐infrared values to the water bodies class. In this way, rules were used to classify image objects until a desired level of accuracy was achieved. Postclassification, analysts applied manual corrections to improve accuracy and appearance, and incorporated local planimetric data sets where available, such as edge of pavement or roads. Twelve classes of land cover were created: water, wetlands, tree canopy, shrubland, low vegetation, barren, structures, impervious surfaces, impervious roads, tree canopy over structures, tree canopy over impervious surfaces, and tree canopy over impervious roads. The data set is 90% accurate (Pallai & Wesson [2017](#cobi13315-bib-0032){ref-type="ref"}).

To locate water bodies, and subsequently riparian areas, relative to this new, high‐resolution land‐cover data set, we used a D8 algorithm on LiDAR‐derived digital elevation models to assign flow direction to each pixel according to the direction of steepest descent (O\'Callaghan & Mark [1984](#cobi13315-bib-0031){ref-type="ref"}). Flow was accumulated across the landscape, and pixels that drained more than 24.3 ha were identified as part of the stream network (see Tarboton and Ames \[[2001](#cobi13315-bib-0039){ref-type="ref"}\] for discussion of challenges with area‐based stream initiation assumptions). We estimated channel widths based on regional curves published by the U.S. Geological Survey (Krstolic & Chaplin [2007](#cobi13315-bib-0017){ref-type="ref"}). Widened channels were merged with the high‐resolution land‐cover water class to create an enhanced flow path network. We defined *riparian buffers* as areas within 11 m of the enhanced‐flow path network with buffers composed of tree canopy or shrubland land‐cover classes, and we defined *gaps* as all other land‐cover types. In total, the data set covered 25,899,881 ha (see Supporting Information for full data set).

Microtargeting Analysis {#cobi13315-sec-0070}
-----------------------

To develop the predictive model of landowner propensity for buffer restoration, we conducted an analysis of both property and owner attributes with commercially available data. We began with a list of known buffer‐restoration program participants acquired from the Pennsylvania Department of Environmental Protection. This list contained landowners who had partnered with a variety of NGOs and governmental agencies to restore riparian buffer areas on their properties between 2003 and 2015 (initial *n* = 7440). To contrast these known participants with nonparticipants, we intersected riparian gaps with cadastral data to enumerate the population of gap‐owning landowners, and extracted a simple random sample of landowners with gaps of at least 0.04 ha (initial *n = *9400). This was based on the assumption that landowners who had participated in buffer‐restoration programs would no longer have buffer gaps of this size. Instances where this assumption was false would suppress model performance (rather than overestimate). We purchased consumer and property data from a reputable vendor, TargetSmart, for approximately US\$2,200 and matched them to the riparian owner population and past participant data sets based on combinations of name and location (e.g., surname and ZIP code). These data contained over 800 variables including demographics (e.g., age and gender), consumer behavior, property‐level attributes (e.g., size, price, and date of last purchase for both land and structures), and many other variables about individuals' voting history, area of residence, and commercial interests (see Supporting Information for data dictionary). Match rates were 30% for known participants (final *n* = 2259) and 66% for assumed nonparticipants (final *n* = 7708). We merged these lists (summed *n* = 9967) before randomly dividing them in half to create training (*n* = 4978) and validation (*n* = 4989) data sets.

We ran a developmental stepwise logistic regression with the training data set to contrast known participants with nonparticipants and then used predictive variables from the output to calculate a propensity score for those landowners in the training, validation, and full riparian‐owner‐population data sets for whom consumer data were available. Our goal for this developmental analysis was to maximize variance explained by the model (without overfitting), rather than to isolate predictive or causal variables, such as those suggested by theory (final model in Supporting Information). We evaluated model performance with a second logistic regression model within the validation data set to test the prediction that propensity score could differentiate between participants and nonparticipants. We grouped propensity scores into deciles and tallied actual participation rates within each decile for both training and validation data sets to facilitate interpretation and communication. We used the product of property riparian buffer gap area and propensity score decile to calculate a coupled ranking score for each parcel (Fig. [3](#cobi13315-fig-0003){ref-type="fig"}). All research methods were reviewed and approved by the Institutional Review Boards at Penn State University and the University of Montana.

![Properties with riparian gaps (i.e., nonforest and nonshrub areas within 11 m of streams) jointly ranked by gap size and owner\'s score for propensity to participate in conservation (jittered deciles). Properties with gaps \>3.50 ha are clustered at 3.50 ha in the figure for clarity.](COBI-33-1141-g003){#cobi13315-fig-0003}

Results {#cobi13315-sec-0080}
=======

The study area covered 5,529,100 ha and included over 82,000 km of stream network. All riparian buffer areas totaled 136,028 ha and buffer gaps constituted 38,882 ha (22.2%). Riparian buffer gaps were owned by a total of 201,647 landowners, with an inverse J‐shaped distribution based on hectares of gaps on the property. A plurality of buffer gap hectares were found on properties with large gaps; 19% of all buffer gap hectares were on properties with at least 2 ha of buffer gaps, whereas properties with small gaps (i.e., \<0.04 ha) were numerous (*n* = 106,977) yet accounted for only 1.4% of all buffer gap hectares.

Consumer data were successfully matched to nearly two‐thirds of nonpublic, riparian gap owners (60%). These owners controlled 46% of all buffer gap hectares. A small percentage of owners was classified as public (2.4%) controlling 7.4% of buffer gap hectares; these are minimum estimates because some public owners were likely missed in the manual classification process. Just over 9% of nonpublic owners were unscorable because owner names were businesses, limited liability corporations, trusts, partnerships, associations, or other types of owners that were not compatible with consumer databases. These unscorable owners controlled 18% of buffer gap hectares. About 30% of nonpublic riparian owners were unscored for some other reason (e.g., names misaligned with consumer data due to misspellings or errors, owners unrepresented in consumer data); these unscored owners controlled 29% of buffer gap hectares.

The developmental stepwise logistic regression successfully differentiated between known buffer‐program participants and nonparticipants in the training data set, correctly identifying 79.1% of participants with a cut value of 0.500 (*χ* ^2^ = 628.602; df = 11; *p* \< 0.001; Cox and Snell *R* ^2^ = 0.119; Nagelkerke *R* ^2^ = 0.184). The model performed similarly well in the validation data set, correctly identifying 78.6% of participants (*B = *--5.913, Wald = 476.563; df = 1; *p* \< 0.001; Cox and Snell *R* ^2^ = 0.104; Nagelkerke *R* ^2^ = 0.157).

The overall participation rate (percentage of known participants) in the validation data set was 23%. Participation rates were higher within each subsequent propensity score decile, with a participation rate of 3% in the bottom decile and 54% in the top decile (Fig. [4](#cobi13315-fig-0004){ref-type="fig"}). Thus, the participation rate in the top decile was 2.3 times higher than the average participation rate in the overall validation data set, and 18 times higher than the participation rate in the bottom decile.

![Percentage of known buffer‐restoration program participants in the training and validation data sets by score for propensity to participate in restoration.](COBI-33-1141-g004){#cobi13315-fig-0004}

Discussion {#cobi13315-sec-0090}
==========

Conservation requires behavior change (Cinner [2018](#cobi13315-bib-0006){ref-type="ref"}), yet resources to inspire such change are often limited. Microtargeting can help identify individuals with higher propensity toward particular behaviors, or those for whom particular interventions are more likely to succeed. Applications of these techniques to conservation challenges may help increase the efficiency and effectiveness of conservation programs. Toward efficiency, microtargeting may help conservationists identify individuals most likely to participate in specific programs, or engage in specific behaviors (Fig. [2](#cobi13315-fig-0002){ref-type="fig"}). To increase efficacy, microtargeting may help deliver customized interventions designed for different market segments of a target population (Fig. [2](#cobi13315-fig-0002){ref-type="fig"}). Unlike most approaches to conservation behavior change research or interventions, microtargeting employs consumer data that is widely available for most members of population at relatively low cost, enabling individual‐level predictions rather than population‐wide inferences. We found microtargeting successfully differentiated restoration‐program participants from nonparticipants, suggesting its application to program recruitment could dramatically improve conservation returns on investment. There may be myriad opportunities to apply microtargeting techniques to improve conservation outcomes while reducing cost, although much more research is needed on a variety of fronts.

One area where microtargeting may be particularly helpful is strategic conservation planning in landscapes dominated by private land. In these contexts, the management of valued resources is directly tied to individual landowner decisions. Previous studies have sought coupled social--ecological landscape prioritizations, recognizing that the likelihood of conservation success is a function of biophysical as well as human dimensions and dynamics (Game et al. [2011](#cobi13315-bib-0010){ref-type="ref"}; Guerrero et al. [2013](#cobi13315-bib-0011){ref-type="ref"}; Karimi et al. [2017](#cobi13315-bib-0015){ref-type="ref"}; Nielsen et al. [2017](#cobi13315-bib-0030){ref-type="ref"}). Adapting microtargeting to this particular challenge presents a novel opportunity to prioritize conservation investments by spatially coupling fine‐grain social and ecological data across large extents. This approach is unique in that it enables a social--ecological landscape prioritization for conservation investments by combining a biophysical resource assessment, an enumeration of private resource ownership, and analysis that identifies landowners with high propensity for restoration‐program participation. Our results showed that even after a large investment in biophysical data development and spatial analysis, microtargeting still offered dramatic improvements to the landscape prioritization through fine‐scale consideration of variation in human likelihood to take conservation action (i.e., Fig. [1](#cobi13315-fig-0001){ref-type="fig"}). In other words, by using these techniques, riparian‐restoration outreach programs could reduce their outreach budgets by over 50% (i.e., spend less to recruit similar numbers of participants), or more than double the impact of existing programs (i.e., spend the same to recruit more participants). With these savings, budgets could be more efficiently allocated toward achieving conservation outcomes (e.g., revegetation costs), rather than recruiting program participants. Future research should strive for a robust accounting of microtargeting costs, savings, and benefits in different contexts.

Beyond efficiency and efficacy enhancement, microtargeting also enables robust evaluations of intervention success. Conservation social science is in need of more experimental design to objectively evaluate and quantify impact (Ferraro & Pattanayak [2006](#cobi13315-bib-0009){ref-type="ref"}; Baylis et al. [2016](#cobi13315-bib-0002){ref-type="ref"}) and learn from intervention successes and failures (Veríssimo et al. [2018](#cobi13315-bib-0044){ref-type="ref"}). Other social marketing efforts prove difficult to evaluate. For example, how does one know whether mass communication campaigns work or how to determine for whom they did not and evolve subsequent efforts? Microtargeting operates at the individual level, so interventions can be strategically deployed under experimental designs with large sample sizes, affording robust evaluation of successes and failures. Further, research of coupled human and natural systems may benefit from the spatially explicit prediction of individual actor behavior, and resource consequences (e.g., in response to social‐ecological change), afforded by these methods.

More generally, marketing tools offer promise for achieving conservation goals, but have been largely ignored, eschewed, or their efficacy questioned (Veríssimo & McKinley [2017](#cobi13315-bib-0043){ref-type="ref"}). Exceptions do exist and are growing, such as social marketing for environmental protection (McKenzie‐Mohr et al. [2012](#cobi13315-bib-0022){ref-type="ref"}). Although these broader applications of marketing are extremely valuable, our methodology allows a finer scale assessment of target audiences providing conservation guidance at the individual level without limiting geographic scope. Microtargeting allows conservation interventions to be customized for each person in a population, thus increasing conservation return on investment. In our case study, microtargeted landowners were over twice as likely to have participated in the restoration program. Alternative nonparametric analysis techniques for likelihood estimation (e.g., neural networks, discriminant analysis, machine learning; Vellido [1999](#cobi13315-bib-0040){ref-type="ref"}) may offer even higher model accuracies and programmatic returns, but further research is needed.

Still, legitimate questions remain about the value of this approach compared with other methods, whether results here will hold when more rigorously evaluated (i.e., based on direct measures of behavior change), and the ethical bounds of utilizing these types of publically available data. There may be other methods for achieving similar outcomes, but more research is needed. For example, propensity models based solely on biophysical or economic data (e.g., land or real estate value) may yield similar results to consumer data analyses in some settings. If and where these contexts exist, they should be evaluated. In other instances, the cost and expertise required to conduct microtargeting may not be worth the savings produced, although consumer data acquisition is relatively low cost and the statistical techniques for analysis are generally accessible (e.g., logistic regression). Despite low costs, the real outcomes generated by these techniques will require field testing (underway in our study area) that take time, resources, and commitment to accomplish. In an evaluation of an initial riparian restoration outreach campaign, we recently demonstrated our microtargeting algorithm could increase engagement among landowners by over half (66%), however continued testing is needed as owners progress from initial engagement to actual buffer installation (Metcalf et al. [2019](#cobi13315-bib-0023){ref-type="ref"}). Future research should explore the extent and impact of nonindividual owners on the utility of microtargeting application and ways to circumvent this limitation.

In addition to pragmatic questions about effectiveness, conservationists must not ignore the ethical questions raised by microtargeting techniques. For example, big data are used by industry, political campaigns, and others to understand, predict, and manipulate human behavior, raising concerns about privacy, the appropriate methods for inspiring behavior change, and what behaviors ought to be promoted or discouraged. Should consumer data be publically available in the first place? What types of behavior change interventions are appropriate, if any? What are the costs and benefits of methodological transparency? What segments of the population are excluded from these analyses and thus potentially excluded from conservation outreach? The ethical standards for conservationists are unique from marketers, and best management practices for microtargeting should be articulated and closely followed so as to not undermine trust of the stakeholders with whom conservation requires partnership. Behavioral economists view their interventions as "libertarian paternalism," arguing the beneficial outcomes, and retention of choice, justify their actions (Sunstein & Thaler [2003](#cobi13315-bib-0037){ref-type="ref"}). Similarly, conservationists may view their efforts as 'facilitated altruism' because they encourage (not require) behaviors that produce public goods or protect common resources, but more debate is needed before ethical clarity is achieved (Veríssimo & McKinley [2016](#cobi13315-bib-0042){ref-type="ref"}).

Our results demonstrated how one conservation program benefited from a coupled social and biophysical prioritization informed by microtargeting. Similar opportunities may exist in areas where digital and spatially explicit parcel ownership data are available to couple ecological to social data based on joint location information. In other contexts, microtargeting could help predict conservation‐related behaviors of other actors (e.g., recreationists, customers, and voters) or identify people most likely to respond to interventions (Fig. [2](#cobi13315-fig-0002){ref-type="fig"}). More work is needed to understand what efficiencies can be achieved by using these techniques and whether those gains are worth the investments required to conduct consumer data analysis. However these methods advance, the prospects for microtargeting to improve conservation programs are profound.
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